Abstract-Sit-to-stand and Stand-to-sit transfers (STS) provide relevant information regarding the functional limitation of mobility-impaired patients. The characterization of STS pattern using a single trunk fixed inertial sensor has been proposed as an objective tool to assess changes in functional ability and balance due to disease. Despite significant research efforts, STS quantification remains challenging due to the high inter-and between-subject variability of this motion pattern. The present study aims to improve the performance of STS detection and classification by fusing the information from barometric pressure (BP) and inertial sensors while keeping a single sensor located at the trunk. A total number of 345 STSs were recorded from 12 post-stroke patients monitored in a semi-structured conditioned protocol. Model-based features of BP signal were combined with kinematic parameters from accelerometer and/or gyroscope and used in a logistic regression-based classifier to detect STS and then identify their types. The correct classification rate was 90.6% with full sensor (BP and inertial) configuration and 75.4% with single inertial sensor. Receiver-Operating-Characteristics analysis was carried out to characterize the robustness of the models. The results demonstrate the potential of BP sensor to improve the detection and classification of STSs when monitoring is performed unobtrusively in every-day life.
S
TROKE is one of the leading cause of disability in the western world [1] . According to a survey conducted by Williams et al. [2] , 66% of the stroke population suffers from mobility impairments related to balance unsteadiness, walking problems, and difficulties in transitioning between functional activities such as lying, standing and sitting [2] , [3] . The dailylife monitoring of the quantity (number) and quality (e.g., slow- ness, smoothness) of sit-to-stand (SiSt) and stand-to-sit (StSi) transfers, one of the most physically-demanding tasks in daily life [4] , provides relevant information about the functional independence [5] , balance control and effectiveness of post-stroke rehabilitation programs [5] . StSi and SiSt transfers (STS) can be reliably detected using several inertial sensors (accelerometers/ gyroscopes) placed on different body segments [6] , [7] . However, a multiple-sensor configuration may require a long setup time, and may hinder the patient during long-term recording in daily-life. In several studies [8] , [9] , STSs were identified in daily-life using a single inertial sensor placed on the trunk and advanced pattern recognition algorithms based on features extracted from the kinematic signals (acceleration and angular velocity). However, for physically-impaired patients, the dynamics of STS may change due to the functional loss and/or compensatory strategies, resulting in less reproducible kinematical patterns as compared to healthy subjects. In terms of pattern recognition algorithm's performance, this translates into a limited accuracy in identifying STSs in daily-life conditions, despite good performance on a healthy control population [8] . A possible solution to increase accuracy of STS detection would be to measure the body elevation change, inherent during each STS. However, when using inertial sensors this measurement is affected by the error due to integration drift [10] . A barometric pressure (BP) sensor could provide an absolute estimate of the altitude/elevation nevertheless, there exist a number of error sources interfering with the change of body elevation, such as temperature and weather changes, or even sudden airflow. Due to these interferences, BP sensors have mostly been used in ambulatory monitoring to distinguish between different dynamic activities requiring high elevation change, e.g., level walking versus stair climbing up/down [11] - [14] , energy expenditure estimates [15] , or fall detection [16] . The focus of introducing BP in these papers was hence not on to improve STS recognition but rather the performance of activity classification. For application such as STS transfer monitoring, the trunk elevation change is smaller and even the best current commercial sensor for wearable monitoring applications [17] needs to operate close to its noise level (1.2 Pa/ cm). A recent feasibility study [17] demonstrated the suitability of using BP sensor for identifying STS involving smaller elevation change. This study presented a methodology to select a barometric pressure sensor with appropriate performance for the detection and the recognition of STS. It was focused mostly on the BP sensor evaluation and consequently has some limitations: 1) the recognition of transition type (i.e., SiSt or StSi) was carried out using the information from BP sensor only (no fusion with inertial sensors data); 2) data were collected in controlled laboratory conditions (the persons were asked to stand-up and sit-down), with a relatively young population which is known to lead to better recognition performance as compared to spontaneous real-life situations [18] and mobility impaired subjects [8] . Another study [19] , carried out on babies, presented an algorithm able to distinguish non-level from level activities (climbing up and down, sitting down to the ground, and standing up on the feet) based on BP with excellent accuracy, without full analysis of sensitivity/specificity metrics or a confusion matrix. Though important as the first step of validation, controlled laboratory measurement conditions lack ecological validity since activities are not performed in a spontaneous way. Therefore a semi-structured data collection protocol is generally recommended [18] as the second validation step, where the subject performs a series of daily activity in a natural way for at least 30 min. The scenario and environment offers different possibilities of performing an activity and the subject decides on the order and the way to carry it out.
Based on the hypothesis that the measurement of trunk elevation changes can improve the performance of STS detection and recognition, in this paper, we propose an improved method to recognize the STS patterns from inertial and BP sensors. The main aim of this study is to quantify the improvement of STS recognition when inertial sensor (accelerometers, gyroscopes) is used in combination with BP sensor. We then investigate the relevance of features extracted from each sensor to recognize STS and evaluate the performances of STS classification with mobility-impaired stroke patients monitored in a semi-structured protocol conditions.
II. METHODS
This section first describes the data collection protocol carried out on a mobility-impaired stroke population. Then the wearable measurement/monitoring system, the reference system for validation, and the different features extracted from BP and inertial sensors are detailed. Furthermore, several detection and classification regression models fusing the various set of features are presented and compared.
A. Data Collection
Data was collected at the Kliniken Valens rehabilitation center (Valens, Switzerland), on 12 mobility-impaired stroke patients (seven females and five males/age years old/height /weight ) suffering from hemiplegia. Eight out of 12 patients were able to walk independently and four patients were walking with assistance such as a cane or a rollator.
Each patient was equipped with a set of wearable sensors and performed daily-life activities as instructed by the physician, for approximately 45 min, following a semi-structured protocol [18] . The target was to include a set of usual daily-life activities (i.e., walking along a corridor, watching TV, washing hands, eating, pouring and drinking water and, sleeping, shoe lacing, reading the newspaper, and putting on and off the jacket) involving basic body postures, locomotion and transitions between postures (i.e., walking episodes with different durations, walking up and down the stairs, taking the elevator, postural changes between lying, standing and sitting with and without arm movements). In order to verify the ability of the algorithm to recognize different STS patterns, various seats were included on the monitoring path: arm chair, bed side, sofa, armless chair, and stool. Confounding activities that involved an altitude change of the trunk such as shoe lacing or sitting on the bed after lying were also included in the protocol to further challenge the STS recognition algorithm. These activities were suggested in such a way that flexibility was given on how and when to perform the various activities. For instance, the activity "watching TV" required the patient to walk towards the TV area, sit down on the sofa, use the remote control for turning on the TV and relax while watching TV. Furthermore, the number and the order of the instructed activities were not scripted in advance. The study was approved by the ethical committee (St. Gallen, Swiss Canton) and the patients signed an informed consent form prior to start collecting the data.
B. Measurement System and Validation Reference
During the data collection, the measurement system consisted of a small wearable sensor module (Physilog 10D Silver, GaitUP, CH) placed on the patient at trunk (sternum) location.
The system recorded to an on-board memory card the signals from a calibrated [20] inertial sensor (3-D accelerometer and 3-D gyroscope) at 200 Hz, and from a BP sensor at 25 Hz. The precision of the BP sensor, factory-calibrated, is 1.2 Pa ( ) according to the manufacturer's datasheet [21] . The signals from the accelerometer, the gyroscope and the BP sensors were first resampled at the same frequency of 40 Hz to allow for faster processing. This frequency is still high enough to extract activity features [22] , [23] . Moreover, the wearable sensors were aligned with the body segments by a calibration procedure based on two defined postures: lying down on a bed and standing upright against a wall. This procedure was necessary to ensure robustness against sensor misalignment across patients [24] .
During the trial, each patient was videotaped and an additional wearable module (wirelessly synchronized with the trunk module) was placed on thigh. The information from the video camera and the thigh sensor formed the ground truth for the number and type of STSs (i.e., SiSt or StSi). The reason the video and the additional thigh sensor was combined for reference was the practical issue related to 1) possibility to not detect a short Si-St-Si sequence with the thigh sensor as described in [6] ; 2) possibility that the patient is not always in the field of view of camera given that the measurement protocol was designed in a semi-controlled conditions. For each patient , All true STSs and their type (SiSt or StSi) formed the reference dataset .
C. STS Recognition Algorithm
Fig . 1 illustrates the main processing steps of the algorithm that takes as input the sensor data and provide as output the number and type of STSs transitions. After the functional calibration procedure described above, there are four stages in the algorithm. Considering that gyroscope has a high sensitivity to detect transition, all prospective transitions (including false STS) were selected after processing angular velocity. Then a set of altitude (BP sensor) and kinematics (inertial sensor) features were extracted for each STS candidate. In order to remove false STS, we improve the specificity of the algorithm with the "Transition Detection" stage where relevant features of STS were selected through a logistic regression-based classifier. Finally, the type of STS (i.e., SiSt or StSi) was identified using a similar logistic-regression in the "Recognition of transition type" stage. The next sections describe in detail each stage.
1) STS Candidate Extraction:
Prospective candidate transitions were selected based on the value of trunk tilt angle ( ). This angle was obtained from the integration of the pitch gyroscope signal filtered using the wavelet transform (Coiflet) for drift reduction [22] . Then, local peak detection was carried out to find the occurrence time ( ) at which reached a minimum below a threshold [9] . For each patient this threshold was computed in order to maximize the sensitivity over the specificity at detecting transitions as explained in Section II-D. The set of candidate STS for each patient was denoted .
2) STS Features Extraction:
For each STS candidate the norm of band-pass filtered acceleration signal in the sagittal plane ( ) was estimated. Then, a set of kinematic features using and were extracted [9] as described in Fig. 2 and in the first two columns in Table I . Temporal and amplitude features from the BP signals are, however, difficult to extract due to the low signal-to-noise ratio and the influences of external perturbations [17] . To overcome this issue, the BP signal was first converted to altitude (Alt) using the barometric formula [25] , then the pattern of transition was enhanced using a sinusoidal fitting model ( ) as follows:
The model was fitted using the "Trust-region reflective" [26] optimization algorithm, which enables the parameters to remain within predefined boundaries. The model parameters , , and were set in order to smooth the BP signal and parameters , were fixed to account for the datasheet specifications of the BP sensor (MS5611-BA01, Measurement Specialties). Furthermore, the absolute elevation change ( ) and its value normalized by patient's height ( ) were added to the features set together with the sign of ( ). An additional feature ( ) smoothly binding the absolute altitude change was extracted to be more robust towards events not related to STS transitions that may combine trunk bending with an elevation shift, such as climbing up the stairs. It was computed by applying on a Gaussian kernel with a mean ) corresponding to the average patients' thigh length (over the population) and a standard deviation ( ) of twice the precision of the pressure sensor. The value of was estimated as follows:
The altitude features extracted from the BP sensor are illustrated in Fig. 2 and described in Table I. 3) Transition Detection: Table I included more than 20 features. In order to avoid over-fitting, issues only relevant parameters were selected among all features through a forward selection algorithm [27] and a logistic regression model as explained in Section II-D. The logistic regression is a probabilistic statistical classification model that provides for each instance a bounded measure corresponding to the probability of belonging to a binary class. It was therefore selected because besides serving as an input feature for the classifier, the degree of confidence of each STS feature is a valuable information to characterize the patients' functional ability in real-life environments. Moreover the most relevant features could be used further in the physical activity classifier as suggested by Salarian et al. [9] .
Using a probability level ( ) , the probability ( ) of a transition in to be a true ( or false ( ) transition was estimated with the Logistic Regression. During the forward feature selection process, the root mean squared error between the expected value (0 for a nontransition and 1 for a transition) and the probability predicted by the logistic regression was used as criteria to select relevant parameters: only the parameters that did not increase the root mean squared error by more than 0.5% were selected.
In order to compare the classification performances when using different sensor configurations, seven regression models were considered.
• includes accelerometer, gyroscope, and BP/altitude features.
• 
4) Recognition of Transition Type:
A similar approach to "Transition detection" was used for recognizing the type of transitions using the type probability level . For each true detected transition, the type of transition was classified using a Logistic Regression based on the probability of being a SiSt ( ) or a StSi ( ).
D. Algorithm Validation
The classification performance was evaluated using a leave-one-patient-out cross-validation procedure [28] . During this procedure, the candidate transitions were divided in subsets (cross-validation folds) to be used for the training-testing procedure, being the number of patients. For each cross-validation fold , the candidate transitions from patients were included in the training set (
) and the remaining transitions from the one left-out patient (different for each fold) were included in the testing set ( ). A candidate transition was validated as a "true transition" if its occurrence time was within maximum s around an event in , otherwise as "false-transitions". This time tolerance being chosen to account for possible difference between the reference time and the transition time measured from [29] . For "Transition detection" stage the training set ( ) was composed of these "true transitions" and "false transitions," while for "Recognition of Transition Type" stage only "true transitions" ( ) were used. The forward feature selection was also computed on the training set and applied on the test set.
It is worth noting that for the "Recognition of transition type" stage, the test set was also a subset of ( ) to be fair and independent from the detection stage.
All parameters of the STS recognition ( , , ) were fixed in order to never use test data for training the classifier.
was estimated in order to maximize the sensitivity (SEN) over the specificity (SPE), i.e., to allow a large number of prospective transitions to be included in the candidate transitions set . was computed on the training set ( ) for each cross-validation fold as follows: the threshold was varied from to and applied on the trunk flexion angle, , to build for each fold the receiver-operating-characteristics (ROC) curves [30] . The extraction threshold ( ) corresponded to the threshold value that reached at least 98% of the maximum SEN (to include most of the reference transitions) with a maximum SPE (to avoid a considerable amount of false transitions) in the training folds to ensure that most of the true transitions were in . The probability level was calculated by sweeping to value between 0 and 1 on the training data ( ) and corresponded to the probability value that maximized both SEN and SPE metrics [30] . The procedure was repeated for each cross-validation fold. Similarly the probability level was calculated on corresponding training dataset ( ). All algorithms were implemented in MATLAB 2013b (Mathworks, Natick, MA, USA).
E. Model Comparison
The performance of the different classification models (sensor configurations) were assessed for: 1) each stage separately (i.e., detection, recognition of STS type) using sensitivity (SEN), specificity (SPE) and ROC curves; 2) combined stages (detection and recognition) using the Correct Classification Rate (CCR) metric. To better indicate the classification performance for the group of patients, heterogeneous in terms of functional impairment, all metrics were estimated for each subject (each represents a test fold in the leave-one-patient-out cross-validation procedure) and then summarized as instead of the . This latter is more appropriate for homogenous samples).
The ROC curves [30] were built for each model and each patient dataset (i.e., each cross-validation fold) by varying the probability level ( and ) from 0 to 1 on the regression test outputs. The robustness of each model [31] was assessed using the AUC metric [32] representing the area covered under the ROC. The performance in terms of SEN and SPE metrics were computed at the optimal point of the ROC curve. This optimal point corresponds to the closed operating point to the ideal upper left-hand corner of the ROC plot, i.e., the point maximizing the product between SEN and SPE metrics [33] .
The overall classification performance after the leave-onepatient-out cross-validation step were compared using the CCRs estimated for each patient dataset and each classifier.
III. RESULTS

A. Candidate STS Extraction
By using the reference data (video and thigh sensor), a total of 345 reference transitions ( ) were extracted from the 7 h of recordings collected on the 12 patients. Per patient, the minimum and maximum number of transitions were 14 and 50, respectively, with an average of 29 transitions, depending on the activity path the patient was undergoing. With a threshold for ranging from to , depending on the fold, a number of 796 candidate transitions were detected and included in the set , out of which 339 were members of . Six reference transitions were hence not captured by the extraction threshold .
B. Feature Selection
The forward feature selection step indicated different relevant features for detection and recognition stages. At the detection stage, for models including accelerometer features, was mostly relevant, i.e., more than half of the folds selected in their selected feature set. For models including gyroscope features, the most relevant features were , , and . With respect to the models incorporating altitude features, the most relevant were , , . Furthermore, in case of , the following features appeared in all the 12 folds as indicated in Table I: , , , and . At the transition recognition stage (SiSt/StSi classification), for the regression models including the altitude features, the relevant feature was only , regardless whether accelerometer and gyroscope features were included in the data set. When altitude features were not included, the relevant accelerometer features were , , and whereas the relevant gyroscope features were , , , , and .
C. Classification Performance
The performance metrics for each classification stage and the overall classification performance are provided in Table II ( ). For the STS detection, the ROC analysis indicated that the best median AUC after the cross-validation was obtained with the regression model . The SEN and SPE were and , respectively. The regression model , i.e., full sensor configuration, reached a lower median AUC compared to but a more steady one across the folds (lower IQR). Furthermore, all the regression models including accelerometer or gyroscope and BP, or accelerometer and gyroscope and BP (i.e., , , ) outperformed the rest of the models in terms of AUC. This is also illustrated by the ROC curves shown in Fig. 3 ; the come closer to the top left corner indicating better performance than the . Fig. 3 . ROC curves of the STS detection (top) and the SiSt/StSi classification (bottom) stages. The legend is common for both plots.
Regarding the recognition of transition type (i.e., SiSt or StSi), the best regression models in terms of AUC were those including altitude features, with AUC very close to 1 (perfect separation). Furthermore, all regression models trained with the altitude features increased their performances in terms of SEN and SPE by at least 11.6% and 9.4% respectively. The variability across folds was also much lower: maximum IQR was 2.1% for altitude-featured models and minimum 12.3% for the remaining models.
In terms of overall classification rate, the best CCR after the cross-validation was obtained with the regression model . In this case, the CCR was whereas when excluding the altitude features (e.g., ), the CCR dropped by 15.2% minimum reaching
. Furthermore, the model performed better in terms of CCR for all folds with respect to.
..
IV. DISCUSSION
The aim of this study was to investigate how the detection and classification of STS in daily life can be improved by using combined information from inertial and BP sensors fixed on the subject trunk (single location). For this purpose, we considered mobility-impaired stroke patients performing their natural daily activities in a semi-structured conditions while wearing the proposed trunk sensor and monitored with a reference system. Angular velocity and acceleration signals obtained from inertial sensor provided a set of candidate STSs and their associated kinematic features. The BP signal converted into altitude provided useful information related to the trunk elevation during postural transition. However, this type of sensor is inherently affected by many interfering sources and therefore is characterized by a low signal to noise ratio. In order to overcome this issue, a sinus fitting function was applied to enhance the pattern of the altitude signal during the postural transition and to obtain a set of reliable features allowing detection and classification of STSs. After pre-selection of candidate transitions using the gyroscope, different combinations of kinematics and altitude features were used into seven regression models to detect and classify STSs based on a Logistic Regression classification tool. The improvements in terms of performance and robustness of different BP-featured models using data collected in 12 mobility-impaired stroke patients confirms the effectiveness of BP sensors to improve both detection and classification of STS during daily-life activity.
The efficiency of the proposed sensor configuration depends, however, on the signal/data processing strategy. Due to influences of external perturbations on the BP, the estimation of altitude from this sensor is critical. The signal processing developments indicated that a fitting (pattern matching and enhance-ment) approach can be an appropriate solution to account for environmental perturbations. The improvement of signal-to-noise ratio allowed to extract reliable features, useful at the different stages of detection and classification process. Moreover, different data processing strategies were adopted to improve the performance of the system. For example, the temporal ( , ) and amplitude ( ) parameters in the regression model were selected after forward feature selection to improve the detection of the transitions by using the most relevant information. Although the devised methodology was applied on a limited sample size (12 stroke patients), the patients presented different degrees of impairment and walking abilities. This challenged the processing stages and conducted to the definition of robust approaches relying on three optimal thresholds: one trunk-angle threshold ( ), and two probability thresholds, and . The trunk-angle threshold is related to the trunk dynamics during STS and was used to locate a potential transition namely the candidate transition. A high threshold value would tend to discard low amplitude and slow transitions and therefore would be more suitable for healthy subjects or patients with low deficit during transitions. Conversely, a low threshold value would be more suitable for patients with higher mobility deficit. Furthermore, the two probability thresholds were optimized for both the sensitivity and specificity at each cross-validation fold.
A simple functional calibration procedure was designed with only two body poses (standing straight and lying) to have a systematic alignment of the sensor frame onto the body frame. This procedure improved the CCR metric by 0.5% for the . This result showed the robustness of the proposed method against slight orientation differences that might have occurred when placing the sensor. However the test-retest reliability of the classification and patterns of STS was not investigated. This would require further study with a protocol composed of imposed tasks to ensure similar conditions over the repeated test.
The improvement of all classification performance metrics for the models including altitude features demonstrate the importance of BP sensor at both stages of processing, i.e., not only for accurately distinguishing actual transition from nontransitions but also for identifying the type of transition (i.e., SiSt/StSi). For both stages, BP sensor essentially contributes to lower the inter-patient variability (lower IQR) and improve the specificity while keeping a high sensitivity, as compared to models including only the inertial features (see Table II ). For detecting the transition, the model reached a and compared to which had and . At the SiSt/StSi classification stage, for models including altitude features, only the model parameter representing the (signed) change in altitude ( ) consecutive to a candidate transition was selected. This feature enabled excellent performance metrics ( and ) and robustness ( ). A pattern matching-based method relying on inertial sensors only was also devised in a previous work [8] and compared with Salarian et al. on a population suffering from chronic pain. The improvements with respect to the work [9] was for this study 15 .2% in terms of median CCR ( with respect to ).
The study has also some limitations. Currently, the selected features for logistic regression and different thresholds used in this study were estimated based on the dataset collected and consequently tuned for stroke patients. For extending the approach to another population, it is therefore recommended to optimize the selected features and thresholds by collecting additional data on the study population. It is also worth noting that varying the different thresholds ( , , and ) has only limited impact on the performance if these thresholds are fixed a priori (common across patients). , and ), then the median CCR only decreased by 3.8%. For further study, we also propose to fix the value of by considering subject mobility (e.g., close to for frail and close to for fit subject) and consider at least the five features highlighted in Table I .
The performances of classification can also be improved by including post-processing steps that use information about the type of other body postures/activities (e.g., walking, lying), recognizable from available sensor data. According to previous work [9] , the number of true negatives can be reduced (and SPE increased) by using simple fuzzy logic rules designed to "correct" possible misdetections/misclassifications using information about other activities (e.g., walking and lying periods which are accurately detected from trunk-fixed inertial sensors). The methodology developed in this paper could be therefore integrated into a physical activity analysis algorithm devised to quantify the various aspects of physical functioning in daily life environment. A very interesting aspect from clinical point of view will be the reliable detection of the number of postural transitions to quantify dynamic of daily behavior [34] . Moreover, since the quantification of STS is clinically relevant, being related to the subject's functional capacity, the system could provide a set of metrics characterizing the physical performance during every-day life in various patient populations [35] .
V. CONCLUSION
The results of this study demonstrate that a single device located on the trunk including both inertial and a BP sensor is a more reliable configuration than inertial sensor alone for long-term daily-life monitoring of mobility-impaired stroke patients. The devised algorithm for signal fitting, features extraction and classification fuses the multi-sensor information in an efficient way as illustrated by the very good performance metrics (sensitivity, specificity, and CCR). Furthermore, this dual (amplitude and temporal) modeling approach of BP is a valuable contribution to current activity recognition algorithm for dissociating daily-life activities involving larger amplitude differences [14] such as level walking versus stair climbing, or standing versus taking the elevators. A possible extension of this work could be to apply a different machine learning classifiers (such as support vector machine, decision trees, neural networks or naïve Bayesian) as a way to potentially improve the classification results. Furthermore, the validation on an extended number of stroke patients and/or patients with other mobility-impairing clinical conditions, as for example Parkinson's disease, frail elderly, motor impaired children (e.g., cerebral palsy, neuromuscular diseases).
